Chapter 4 120 ABSTRACT Quantitative assessment of urinary calculus (renal stone) constituents by infrared analysis (IR) is hampered by the need of expert knowledge for spectrum interpretation. Our laboratory performed a computerized search of several libraries, containing 235 reference spectra from various mixtures with different proportions was performed. Library search was followed by visual interpretation of band intensities for more precise semi-quantitative determination of the composition. We tested partial least-squares (PLS) regression for the most frequently occurring compositions of urinary calculi. Using a constrained mixture design, we prepared various samples containing whewellite, weddellite and carbonate apatite and used these as calibration set for PLS regression. The value of PLS analysis was investigated by the assay of known artificial mixtures, and selected patients' samples from which the semiquantitative compositions were determined by computerized library search followed by visual interpretation. Compared with this method, PLS analysis was superior with respect to accuracy and necessity of expert knowledge. Apart from some practical limitations in data-handling facilities, we believe that PLS regression offers a promising tool for routine quantification, not only for whewellite, weddellite and carbonate apatite, but also for other compositions of the urinary calculus.
INTRODUCTION
At present, >95% of all patients with urolithiasis are successfully treated with extracorporal shock wave lithotripsy [ESWL] in combination with intracoporal methods (1) for in situ calculi fragmentation. For patients with urinary stones in the ureter the percentage of success with ESWL treatment is <95%. Because of the high frequency of stone recurrence, which amounts to ~50% after 10 years (1), and limitations that exist for manipulative surgical intervention, there is increasing need for causal therapy. It is therefore important to be informed about the composition of the urinary calculi. In contrast to classical surgery for extracting renal calculi from the urinary tract, ESWL is hindered by the fact that often many calculi fragments are lost for further analysis. Since the introduction of ESWL in our hospital, ~3 years ago, we have found that, because of insufficient material, the composition of 34% of the urinary calculi presented to our laboratory could not, or only partly be determined with the classical wet chemical procedure. Infrared analysis (IR) of urinary calculi does not have this disadvantage. Using the KBr disk technique, samples as small as 1 mg can be analyzed (2) . Other advantages of IR analysis over wet chemical analysis are higher speed, better reproducibility, and uniform sensitivities for all components (3) . For these reasons the IR method was introduced in our laboratory. The primary objective of urinary calculus analysis is to determine the qualitative composition. However, quantitative assessment of constituents, with a precision of 5-10% for individual components, is also important (4) . Routine usage of IR is hampered by the need to interpret IR spectra from >20 components in different combinations and proportions. Systematic schemes have been developed for objective qualitative analysis of IR spectra of calculi (5) . Hesse and Sanders (6) issued an atlas containing a collection of about 225 IR reference spectra from the most commonly encountered urinary calculus components and their binary and ternary mixtures. At present most IR spectrophotometers are accompanied by software packages that offer possibilities to produce libraries of digitized spectra and of searching for unknown compositions by matching the unknown spectra with those within the library. Expert systems should also be suitable for pattern recognition tasks. Although described for x-ray diffraction analysis of urinary calculi (7) , no expert system has never been applied to the IR technique as far as we know. Unfortunately all these methods for the interpretation of IR spectra are only semiquantitative. Urinary calculi are multicomponent mixtures, most being composed of two or three components. Simple linear regression is not appropriate for quantification in these cases. Multivariate calibration methods, such as classical multiple linear regression, inverse linear regression, principal component regression and partial least-squares (PLS) regression, have been developed for quantitative spectral analysis (8) . The most robust alternative of these methods (9) , the PLS method, is used for some spectral applications (10, 11) . If the LambertBeer law holds spectroscopic data (X) can be linearly related to the concentrations (Y), after factorial decomposition with PLS. The reference samples, also called training set, or calibration matrix, are used to estimate the regression coefficients. A test set consisting of independent reference samples is used to validate the quality (stability) of the PLS model. This test set can also be used to estimate the composition of unknown samples. The aim of our work was to develop a library with IR reference spectra of authentic components and mixtures and to test a PLS model for the most frequently occurring compositions of urinary calculi.
MATERIALS AND METHODS

Samples
Library search and PLS were performed on mixtures of calcium oxalate dihydrate (whewellite; BDH, Brunschwig Chemie, The Netherlands), calcium oxalate monohydrate (weddellite), and carbonate apatite. Because weddellite and carbonate apatite were commercially unavailable, we synthesized the weddellite (12) and obtained the carbonate apatite from a collection of carefully selected patients' samples. The purity of carbonate apatite was checked by comparison of the IR spectra with the spectrum from the Hesse atlas (6) and by means of wet chemical analysis. Because the component fractions of the mixtures must add to unity (100%), the constrained factor space of a ternary mixture can be mapped to an equilateral triangle ( Figure 1 ). The angular points of the triangle mark the single components, the edges the binary and the inside points the ternary mixtures. The components of each individual point in the triangle sum up to 100%. The design for the calibrating (training) of the PLS model consisted of 25 mixture points. This mixture design had, except whewellite / weddellite mixtures, a uniform distribution for all calibration mixtures over the triangle ( Figure 1A ). To obtain a better differentiation between both calcium oxalates, we used mixtures in steps of 10% for whewellite and weddellite. The mixtures for library search, consisting of 46 samples, were prepared according to the design depicted in Figure 1B .
An independent test set was formed for validation of the quality of the PLS model. This test set contained 9 artificial mixtures of whewellite and weddellite; 8 artificial mixtures of whewellite, weddellite and carbonate apatite; and 20 selected samples of urinary calculi from patients concerning various compositions of whewellite, weddellite and carbonate apatite. Two of these patients' samples contained calcium hydrogen phosphate dihydrate (brushite) or magnesium ammonium phosphate hexahydrate (struvite) as an extra component. 
Analytical procedures
Patients' samples were totally ground in an agate mortar. Potassium bromide (KBr Uvasol; Merck, The Netherlands) was pulverized, dried at 100 °C for at least 24 h and stored at 37 °C until use. Only 1 mg of grounded calculi material was mixed with 180 mg KBr. Pellets of mixtures for library search and PLS were prepared by weighing a minimum of 10 mg for the minor component of the mixture. W placed 100 mg of these mixtures in a 13-mm-diameter evacuable pellet die (Specac: Kent, England), evacuated air from the pellet die for 2 minutes, then formed pellets by applying a pressure of 750 MPa. The vacuum was maintained for 2 min after release of pressure. We used 100-mg pellets of KBr for preparation of the background spectra.
IR analysis
Transmission spectra were recorded after automatic subtraction of background spectra with a Mattson Galaxy FT-IR 3020 spectrophotometer (Mattson Instruments; WI) for wavenumbers 4000 to 400 cm -1 and spectral resolution of 4 cm -1
.
Data-handling procedures
Recorded spectra were converted to absorption spectra with the First v1.52 program (Mattson Instruments). Firstbase v1.52 (Mattson Instruments) was used to store data from mixtures needed for the library. The Pearson linear or product-moment correlation coefficient (r), obtained from the First v1.52 program, was used as the measure of agreement between the unknown spectrum and the reference spectra from the library.
To prevent storage problems, we used Firstbase to reduce recorded spectra for PLS regression to a spectral resolution of 16 cm -1 before storing them as ASCII data. The resulting 225 data points for each spectrum were collected in a matrix by means of a spreadsheet program (Quattro Pro v3.0, Borland International Inc., CA). This matrix of spectra, with each column of the spreadsheet containing the absorptions of a spectrum, was transposed to an orientation in rows (each spectrum in a row). This spectral matrix was imported into Unscrambler II v3.0 (Camo A/S; Trontheim, Norway) for PLS regression, after which the concentration data of the calibration matrix (Y) were entered. After dividing the spectral data into a training set and a test set, we unified the total variance of all spectra (X) by normalizing (13) every spectrum with respect to its area under the curve for the selected wavenumbers. The absorbancies at each wavenumber of the absorption matrix X were mean centered. No scaling was carried out on these variables. Regression with the PLS-2 algorithm was carried out for wavenumbers 4000 to 400 cm -1 and wavenumbers 1392 to 496 cm -1 , respectively. The PLS calibration model relates the frequency data (X) to the concentration data (Y) through a smaller set of variables, the so-called latent factors, or components. Cross-validation, for estimating the number of these factors for an optimal PLS model with maximum explained variance, was carried out by inspecting the variance plot for the first local minimum (9, 14) . All further calculations for calibration and test set data were carried out with the selected number of factors.
Statistical and validation methods.
Calibration lines were calculated for validation of the quality of the PLS model. The predictive value of the PLS model was validated with the independent test set. Regression lines, as well as lines deviating plus or minus 10% from the regression lines, were calculated, based on actual and predicted values of the artificial validation samples. Uncertainty limits were calculated by the PLS regression program for each predicted value, as measure of the probability of a correct response. Compositions of patients' samples were estimated by comparison of unknown spectra with reference spectra from the library, followed by an independent visual inspection of the intensities of the bands by two specialized technicians. Validation was also performed by visual comparing of the spectrum from a patient's sample with the spectrum of an artificial sample that corresponds as well as possible to the PLSpredicted composition of the patient's sample.
RESULTS
From the retrospective data of the past 3 years of wet chemical analysis of urinary calculi in our laboratory and a pilot study on IR analysis of the calculi composition, we found that 81% of all urinary calculi contained calcium. The vast majority of these calculi were binary and ternary mixtures composed of both calcium oxalates and (or) carbonate apatite. For this reason the PLS model was tested with these three components.
IR transmission spectra of whewellite, weddellite, and carbonate apatite showed different bands and intensities at different wavenumbers (Figure 2) . However, intensities of characteristic bands of the three components in the spectral range 4000-400 cm -1 were found to be variable not only as to their specific composition, but also as to other factors. Consequently, we selected only wavenumbers 496 to 1392 cm -1 (see frame in Figure 2F ) were selected for analysis of the three components with library search. The symmetrical CO stretch vibration band at 1328 cm -1 is of great significance for identification of both calcium oxalates. Whewellite can be distinguished from weddellite by the ratio of the CO deformation bands at 512 and 784 cm -1 . The broad bands at 592 and 626 cm -1 can also be used to distinguish whewellite from weddellite. The phosphate stretch vibration band at 1048 cm -1 and its shape is important for the identification of carbonate apatite; in addition the deformation vibration bands at 574 and 606 cm -1 are more or less characteristic of this compound. For quantitative determination of mixtures of calcium oxalate and carbonate apatite, the ratio of the characteristic bands at 1328 (oxalate) and 1048 (phosphate) cm -1 is important. For mixtures containing equal weights (50/50) of whewellite and carbonate apatite ( Figure 2D ) or weddellite and carbonate apatite ( Figure 2E ), the ratios of the bands are clearly different. Figure 2 F is an example of a spectrum from a patient's sample composed of whewellite, weddellite, and Carbonate apatite (25/20/55 by wt). This composition was derived as follows: Library search was used to determine the global composition of this sample, and then interpolation by means of visual inspection of the mutual band intensities and comparison with reference spectra established a more precise composition.
Principal Component Analysis (PCA) (15) , as part of the Unscrambler program, was carried out on the selected wavenumber range of the spectral matrix to select only those wavenumbers that vary as consequence of the components. This analysis selected 33 wavenumbers from wavenumbers 496 to 1392 cm -1 for further study. Because whewellite and weddelite have strongly overlapping bands and can only be distinguished by the forms and intensities of the bands (Figure 2, A and B) , we used PLS regression to solve this multicomponent problem.
Cross-validation carried out on the calibration set (see Figure 1A) with PLS determined that the first 2 factors explained 98.9% of the variation of the concentrations. These two factors, computed by a decomposition of the spectral matrix, represent the main, but hidden, systematic variation in the calibration data. Further calibration and prediction of the concentrations of the unknown samples were carried out with these two factors to prevent overdetermination of the outcome. Regression lines, based on the compositions of the PLS mixture design ( Figure 1A) were calculated with the PLS-2 algorithm for whewellite, weddellite, and carbonate apatite ( Figure 3C) . The x-axis depicts the actual compositions of the components in the calibration set in percentage by weight, whereas the y-axis depicts the compositions predicted by the PLS model. Table 1 demonstrates a direct correspondence between the actual and PLS-predicted compositions for several artificial mixtures and patients' samples, for validation of the PLS model. Correspondence between actual and PLS-predicted composition of these independent test samples is graphically depicted in Figure 4 . Because compound values <10 g% (<100 µg/g) were designated as "trace amounts" for actual compositions of some patients' samples (Table 1) , we used 5 g% as the mean actual value for these components in Figure 4 . The vast majority of the predicted values of the artificial mixtures show <5% deviation from the actual composition. Two patients' validation samples deviated slightly >10% from the calculated regression lines for whewellite ( Figure 4A ) and weddellite ( Figure 4B) , both depicted as a triangle outside the dotted lines. The "erroneously matched" samples containing brushite (Stone19) and struvite (Stone20) were added to the validation set to test the robustness of the PLS model for compositions deviating from the calibration set. The brushite-containing calculus deviated >10% for whewellite ( Figure 4A ), weddellite ( Figure 4B) , and carbonate apatite ( Figure 4C ), whereas the struvite-containing sample did not. The lowest and highest uncertainty limits of the predicted values ranged from 0.8-4.0% for the artificial samples, 2.2-8.8% for the patients' samples, and 6.0-20.0% for the "erroneously matched" patients' validation samples, for all three components. Comparison of the transmission spectrum of the patient sample, indicated as Stone14 in Table  1 and an artificial mixture with nearly the same composition as predicted by PLS for the patient's sample (23/19/58 and 25/16/59% by wt. for whewellite/weddellite/ carbonate apatite, respectively) demonstrates good correspondence for wavenumber range 496-1392 cm -1 ( Figure 5 ). The correlation coefficient between the two spectra was 0.994. 
DISCUSSION
We found that deviations up to 20% from the actual quantitative compositions of the urinary calculi, as derived from visual inspection of spectral band intensities, can be expected after computerized library search. Library search is useful for the determination of the qualitative and the global quantitative composition of the urinary calculus, but should be followed by a visual inspection of the spectrum for more precise determination of the quantitative composition. If the urinary calculus is composed of more than 2 components, interpretation of the proportions of band intensities by visual inspection of the spectrum becomes rather complex. The ratios of oxalate (1328 cm -1 ) and phosphate (1048 cm -1 ) are quite different for equal mixtures of whewellite and carbonate apatite (figure 2D) in comparison with weddellite and carbonate apatite ( Figure 2E ). Expert knowledge is needed to interpret the ratios of the relevant spectral bands for ternary mixtures composed of whewellite, weddellite, and carbonate apatite ( Figure 2F ). In our opinion it would for this reason be virtually impossible to build an expert system for routine quantification of urinary calculus composition, consisting of many binary and ternary mixtures in various proportions of >20 components. It is important for PLS regression, as well as library search, to remove wavenumbers with no structural information as well as spectral bands that are variable because of factors other than the components themselves. We found that five factors were needed to explain all systematic variation with PLS regression from the fully normalized spectrum from 400 to 4000 cm -1 (data not shown). The calibration lines calculated from the full spectrum were very good. However, with these 5 factors a very disappointing outcome of the validation samples was obtained, as a result of serious over-determination of the PLS model. For reliable results, selection of the appropriate wavenumbers is apparently needed. The regression lines in Figure 3 demonstrate that PLS regression, with two factors obtained from the selected wavenumber range, gave most satisfactory results for carbonate apatite. An even better impression of the reliability of the PLS model can be obtained from the results of the independent validation samples, both artificial mixtures and renal stones. The results from Table 1 as well as the regression lines with their 10% deviation lines in Figure 4 , demonstrate that PLS regression is very useful for the determination of the quantitative composition. Only two artificial mixtures had predicted values of whewellite that deviated >5%, but still <6% from the actual composition (MIX7 and MIX10 in Table 1) . Predicted values of all other components of the artificial mixtures deviated by <5%. The PLS predicted compositions of the patients' samples showed that only two of the samples deviated slightly by >10% from the actual compositions, as determined by visual inspection of the spectrum. The brushitecontaining validation sample demonstrates that qualitative compositions dissimilar to the calibration set result in serious deviations from the actual compositions for all components. The struvite-containing calculus did not show these deviations, which can be explained by its low concentration (10% by wt.) and its spectral similarity with carbonate apatite. From these findings it can be concluded that prediction of the composition of unknown samples with PLS regression should be carried out only for qualitative compositions similar to the calibration set. The uncertainty limit of the predicted value, as provided by PLS regression, is a measure of degree of certainty of the match and provides some measure of probability of a correct response. Uncertainty limits <4% for the artificial and 8.8% for the patients' validation samples are good enough for routine analysis of urinary calculus composition, with PLS regression. The brushite-and struvite-containing calculi had a low probability of a correct response, as found by their high uncertainty limits. Practical use of PLS regression in the laboratory is still hampered by the fact that many stepse.g., data reduction by decreasing spectral resolution, wavenumber selection and normalization of the selected wavenumbers -should be carried out before the actual PLS regression, if one is to obtain reliable results for the unknown urinary calculus composition. At present many different programs must be used to achieve that purpose. Manufacturers of spectroscopic software may want to reduce these manipulations by making software available in one program, including the PLS-1 and PLS-2 algorithm.
